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ABSTRACT

Aim Habitat selection is a behavioural mechanism by which animals attempt to

maximize their inclusive fitness while balancing competing demands, such as

finding food and rearing offspring while avoiding predation, in a heterogeneous

and changing environment. Different habitat characteristics may be associated

with each of these demands, implying that habitat selection varies depending

on the behavioural motivations of the animal. Here, we investigate behaviour-

specific habitat selection in African elephants and discuss its implications for

distribution modelling and conservation.

Location Northern Botswana, Africa, case study.

Methods We use Bayesian state-space models to characterize location time ser-

ies data of elephants into two behavioural states (encamped and exploratory).

We then develop habitat selection models for each behavioural state and

contrast them to models based on data pooled among behaviours.

Results Spatial predictions of habitat use were often markedly different among

the models. Behaviour-specific and pooled habitat selection models differed in

model structure, the magnitude of model coefficients and the form of the selec-

tion curve (linear or quadratic). Selection was typically strongest in the behav-

iour-specific models, although this varied according to behavioural state and

habitat covariate.

Main conclusions Ignoring behavioural states often had important conse-

quences for quantifying habitat selection. Quantifying selection irrespective of

behaviour (among all behaviours) can obscure important species–habitat rela-

tionships, thereby risking weak or incorrect inferences. Behaviour-specific habi-

tat selection provides greater insight into the process of habitat selection and

can improve predictive habitat selection estimates. As some behaviours are

more relevant to specific conservation objectives than others, focusing on

behaviour-specific selection could improve how habitats are prioritized for

conservation or management.

Keywords

African savanna elephant, behaviour, habitat selection, movement, resource

selection function, state-space model.

INTRODUCTION

Animals must resolve a wide range of competing demands to

survive and reproduce: find food, water and mates, avoid

predators, defend a territory and care for offspring. These

competing demands often mean that animals must prioritize

actions or behaviours to meet one goal at the expense of

another. Good foraging areas, for instance, may also be asso-

ciated with higher mortality risk (Nielsen et al., 2006), or

defending a territory may occur at the cost of acquiring food

(Switalski, 2003). Although some behaviours can occur syn-

chronously as a result of multitasking (Fortin et al., 2004),

many behavioural strategies are employed asynchronously,

often because the habitat characteristics associated with

meeting different needs are spatially segregated. For example,

in an environment where food is patchily distributed, forag-

ing within patches and moving between patches occur

asynchronously (Owen-Smith et al., 2010).
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Habitat selection modelling is used to quantify species–

habitat relationships and may contribute to conservation and

management (see Boyce & McDonald, 1999; Chetkiewicz

et al., 2006; Nielsen et al., 2006). However, as a consequence

of competing demands, habitat selection may vary consider-

ably depending on the behavioural priorities of the animal.

Pooling data among behaviours can then result in three

inferential pitfalls when quantifying habitat selection. First, if

behaviours have opposing habitat selection patterns, we may

fail to detect selection. Consequently, a coefficient of zero in

a habitat selection model that averages selection among all

behaviours cannot be used as a basis for suggesting that there

is no selection with respect to that covariate. Second, we

may underestimate the strength of selection and, therefore,

the importance of some habitats to an animal. For example,

strong but infrequent behaviour-specific selection for a criti-

cal habitat may be concealed by weak or no selection for that

habitat at other times. Third, the direction or shape of the

selection curve (how the probability of use changes as a

function of a habitat covariate) is likely to be sensitive to

behaviour. For example, selection for a habitat characteristic

may be positive during one behaviour, yet negative during

another, or a selection curve may be approximately linear for

one behaviour but better represented by a quadratic expres-

sion for another. Incorrect assessment of the importance,

strength and form of selection ultimately reduces the inferen-

tial power of the resulting habitat selection models and has

implications for the utility of these models when applied to

conservation and management. Implicit in the application of

a behaviour-pooled habitat selection model to make predic-

tions of space use in new areas or to different times is the

assumption that the ratio of behaviours from which the

overall selection patterns arise will not change.

Behaviour-specific habitat selection has received limited

attention because habitat selection is often based on location

data (e.g. telemetry data) that lacks a behavioural context

(Beyer et al., 2010). Although the expression of behaviour is

not recorded by satellite collars, behavioural state-space

models (Morales et al., 2004) provide a framework by which

behavioural ‘states’ or ‘modes’ can be estimated based on

path characteristics (Beyer et al., 2013). These methods use

the step length (or movement rate) and turn angle character-

istics of the movement path to classify locations into differ-

ent behavioural states based on a mixture of random walks

(Morales et al., 2004). Here, we use this approach to test for

behavioural differences in habitat selection using elephant

telemetry data as a case study. In the dry season, African

savanna elephants (Loxodonta africana) must fulfil competing

physiological requirements. For instance, individuals must

visit water regularly to meet several physiological needs

(Wright & Luck, 1984; Harris et al., 2008; Loarie et al.,

2009). However, areas near water often are nutritionally

depleted in the dry season (de Beer et al., 2006), so elephants

travel away from water in search of forage. Elephants also

reduce their mortality risk by avoiding human settlements

(Roever et al., 2013a). We use a Bayesian state-space

framework to classify telemetry locations into ‘encamped’

and ‘exploratory’ behavioural states and use resource selec-

tion functions to characterize habitat selection in each state.

We find that the importance, strength and form of selection

differ between behavioural states and among animals. We

conclude that behaviour-specific selection provides greater

insight into species–habitat relationships and offers opportu-

nities for improving predictive estimates of space utilization

that may be relevant for conservation and management.

METHODS

Study area and elephant data

The study area was located in northern Botswana and

included Chobe National Park, Makgadikgadi National Park,

Moremi Game Reserve and Nxai Pan National Park (Fig. 1).

It encompassed an area of 74,355 km2 and was bounded to

the north by Namibia and the east by Zimbabwe. Vegetation

in the study area was primarily deciduous dry woodlands

and interspersed grasslands (Chase, 2011), and terrain in the

region was relatively flat, with the steepest slopes occurring

along the Chobe River. Areas of high human use were mostly

located around the periphery of the study area.

Within the study area, 11 elephants were collared with

GPS collars (Africa Wildlife Tracking, Pretoria, South Africa)

between August 2009 and September 2011. Collars were pro-

gramed to locate animals every hour, and only data from the

2011 dry season (July–November, inclusive) were used in this

analysis. There were more than 1000 locations per individual

for this period, resulting in five females and six males with a

total of 36,023 locations (see Table S1 in Supporting Infor-

mation). For each individual, seasonal ranges were based on

the 95% isopleths of a Gaussian kernel density estimate

(Geospatial Modelling Environment; Beyer, 2011) using

smoothed cross-validation (SCV) bandwidth estimators from

the ‘ks’ library in R (Duong, 2012).

Movement models

Following Morales et al. (2004) and McClintock et al. (2012),

we modelled movement as a combination of one or more dis-

crete-time random walks (RWs), each characterized by distri-

butions of movement rates (rt, the velocity between two

consecutive spatial locations Xt and Xt+1) and turn angles (φt,

the angular difference in direction of travel between two con-

secutive steps, Xt�1 to Xt and Xt to Xt+1). When multiple RWs

are used, each observation yt (t = 1, …, T) must be assigned

to one of the RWs and parameters estimated for the probabil-

ity distributions describing each RW. This can be formulated

as a state-space model, whereby a latent (unobserved) state

indicator Zt = i, i, ∊{1, …, M}, where M is the number of

movement states considered, is used to associate each observa-

tion with a RW (Morales et al., 2004). For each RW, move-

ment rates and turn angles are assumed to be independent and

identically distributed, with movement rates drawn from a
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gamma distribution with rate parameter ai and shape parame-

ter bi, and turn angles drawn from a wrapped Cauchy distribu-

tion with parameters li and qi (i ∊ {1, …, M}) representing
the mean turn angle and dispersion parameters, respectively.

The movement process is thus a discrete-time, continuous-

space, multistate random walk with movement rate [rt|Zt=i]
~ wCauchy(ai, bi) and turn angle [φt|Zt = i] � wCauchy

(li, qi). Specifically, the probability density functions describ-

ing these distributions are as follows:

f ðrt jZt ¼ iÞ ¼ baii r
ai�1
t e�birt

CðaiÞ

and

f ð/t jZt ¼ iÞ ¼ 1

2p
1� q2i

1þ q2i � 2qi cosð/t � liÞ
;

where a > 0, b > 0, 0 ≤ l ≤ 2p, and 0 ≤ q ≤ 1. Note that if

a = 1, the gamma distribution reduces to the exponential

distribution. When q = 0, the probability density is uniform

over the circular range 0–2p, and becomes more peaked at l
as q approaches 1.

Under the assumption that the movement rates and step

lengths within each behavioural state are independent, the

joint likelihood for rt and φt, conditional on state vector Z is:

f ðyjZÞ ¼
YT

t¼1

f ðrt jZtÞf ð/t jZtÞ:

We evaluate three movement models. In the simplest

(‘single’) movement model, there is only one behavioural

state (M = 1) and no latent variables because Zt = 1 for all

t. In the ‘double’ and ‘switch’ models, we hypothesize there

are two behavioural states (M = 2) including an

‘encamped’ state (i = 1) and an ‘exploratory’ state (i = 2)

that is characterized by faster movement rates and greater

directional persistence than the encamped state. In the

double model, the probability of being in each state is

assumed to be independent of previous states or environ-

mental variables:

Zt �Categorialðg1;g2Þ;

where ηi is the fixed probability of being in state i at any

time t and
PM

i¼1 gi ¼ 1: In the switch model, the current

state, Zt, is related to the state of the animal in the previous

time step, Zt�1. Specifically, switches between states are char-

acterized by a first-order Markov process in discrete time

(McClintock et al. 2012):

½Zt jZt�1 ¼ k� �Categoricalðwk;1;wk;2Þ

and

wk;i ¼ PrðZt ¼ ijZt�1 ¼ kÞ;

where wk,i is the probability of switching from state k at time

t�1 to state i at time t, and
PM

i¼1 wk;i ¼ 1: This is equivalent

to the ‘double-switch’ model in Morales et al. (2004).

The multistate models reflect the assumption that the

exploratory state is characterized by movement rate and turn

angle distributions with greater or equal mean movement rate

and directional persistence, respectively, relative to the

encamped state. Two constraints on priors were used to ensure

that state index 2 always represented the exploratory state.

Figure 1 Study area located in northern

Botswana (Albers Equal Area Conic

projection). The study area included

three national parks and one game

reserve (dark grey), along with multiple

wildlife management areas (light grey).
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Without these constraints, the two states can be assigned dif-

ferent index values (1 or 2) among MCMC chains, and these

values can even switch within a single MCMC chain, compli-

cating the interpretation of the posterior samples. The means

of the encamped (�r1) and exploratory (�r2) gamma distribu-

tions were sampled using priors �r1 �Uð0; 1:6Þ and

�r2 �Uð0; 1:6Þ þ �r1, where U(0, 1.6) is a uniform distribution

in the range 0–1.6 (1.6 was the maximum movement rate

observed among all steps and animals). The two rate parame-

ters of the gamma distributions (a1, a2) were then sampled

from vague priors (a1~ gamma(0.001, 0.001), a2~gamma

(0.001, 0.001), and the shape parameters (b1, b2) were calcu-

lated deterministically by dividing the rate parameter by the

mean (b1 ¼ a1=�r1; b2 ¼ a2=�r2). The priors for the dispersion

parameters of the wrapped Cauchy distribution, q1 and q2,
involved sampling two random variables from uniform distri-

butions in the range [0, 1] and assigning the smaller of them

to q1. All other variables were sampled from vague priors. Spe-

cifically, g and w were sampled from uniform distributions in

the range [0, 1], and l was sampled from a uniform distribu-

tion over the range [0–10p] (the large range here helps to

prevent boundary effects in the posteriors for l).
Models were fitted using Monte Carlo Markov Chain

(MCMC) techniques implemented in the software JAGS

(Plummer, 2003) using three chains with a burn-in period of

10,000 samples, which were discarded, followed by 50,000

samples, thinned to retain every 25th sample, resulting in

2000 independent samples per chain from the posterior dis-

tribution of each parameter. Chains were initialized by sam-

pling from the prior distributions (see Appendix S1 for full

details). Every model was checked for convergence to a sta-

tionary distribution using the Gelman–Rubin convergence

statistic (R; Gelman & Rubin, 1992), whereby R < 1.1 indi-

cated convergence, and by visually examining plots of the

chains and autocorrelation plots for each chain. R was calcu-

lated using the ‘gelman.diag’ function in the ‘coda’ library in

R (R Development Core Team, 2011). Model selection was

informed by the widely applicable information criteria

(WAIC; Watanabe, 2010).

Resource selection models

Using the top-ranked movement model for each individual,

we partitioned the telemetry locations into encamped and

exploratory behavioural states and quantified habitat selec-

tion for each behavioural state and for the pooled data (all

telemetry locations irrespective of behavioural state).

Resource selection for each individual was estimated by com-

paring the telemetry locations to random locations using the

logistic form of the resource selection probability function

(Manly et al., 2002; Lele & Keim, 2006). Random locations

were generated within the seasonal range of each individual

at a density of 12 points per km2. The same set of random

locations was used for the pooled, encamped and exploratory

habitat selection models.

Selection was quantified for habitat covariates known to

influence elephant habitat selection (Roever et al., 2012). Ele-

phants are known to respond to water, slope, vegetative

cover and human presence. The spatial location of water was

mapped using community contributed GPS data from

Tracks4Africa (Pretoria, South Africa) and was manually val-

idated using Landsat imagery. In northern Botswana, water

other than in rivers is scarce during the dry season; therefore,

we used only water bodies classified as main rivers, river del-

tas, dams and man-made watering holes for this dry season

analysis. Distance to water was calculated for all landscape

locations. Slope was calculated from a 90 m digital elevation

model (Jarvis et al., 2006), and percentage tree cover at a

500 m resolution was obtained from Moderate Resolution

Imaging Spectrometer (MODIS) Vegetation Continuous

Fields product (Hansen et al., 2006). The 500 m tree cover

layer was resampled to a 90 m resolution using a cubic con-

volution interpolation to match the resolution of the other

datasets. Finally, human density data at a 1 km resolution

were obtained from LandScan (2008) daily human popula-

tion data. Hoare & du Toit (1999) found that elephants

avoid areas with greater than 16 people km�2, so we identi-

fied all areas with human densities greater than this value

and calculated distance to these high human-use areas. All

geospatial analysis was completed using the Spatial Analyst

extension of ArcGIS 10.0 (ESRI, Redlands, CA, USA) and

Geospatial Modelling Environment (Beyer, 2011).

Using the suite of habitat covariates described, five candi-

date models were formulated (Table 1), and Bayesian infor-

mation criterion (BIC; Schwarz, 1978) was used to identify

the top-ranked habitat selection model for the two behavio-

ural state datasets and the pooled dataset of each individual.

Covariates with Pearson’s r > 0.6 were not included in the

same model. For six individuals, distance to water was corre-

lated with distance to humans, so only candidate models 1

Table 1 Competing habitat selection models relating habitat use to distance to water (‘water’), percentage tree cover (‘tree’), slope and

distance to human settlement (‘human’). The number of parameters (K) includes an intercept term. Models were fit to behavioural

state-specific and pooled datasets and ranked using BIC

Name Candidate model K

1. Landscape Water + tree + slope 4

2. Landscape (nonlinear) Water + (water)2 + tree + (tree)2 + slope 6

3. No Slope Water + (water)2 + tree + (tree)2 + human + (human)2 7

4. Full (humans linear) Water + (water)2 + tree + (tree)2 + slope + human 7

5. Full Water + (water)2 + tree + (tree)2 + slope + human + (human)2 8
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and 2 were evaluated. To assess the fit of the top-ranked

model for each individual, we used k-fold cross-validation

(k = 5), whereby, for each individual, a model is iteratively

(k times) fit to 80% (1�N/k) of the data and validated using

the remaining 20% (N/k) of the data. Fit is quantified using

the Spearman rank correlation coefficient based on the fre-

quency of used points in each of 10 equal area bins of pre-

dicted values (see Boyce et al., 2002). For the pooled model,

the full dataset was used for fitting and validation, while only

the data corresponding to each behavioural state were used

to fit and validate the behaviour-specific models. Selection

probabilities for habitat covariates were calculated using:

wðxÞ ¼ eXb=ð1þ eXbÞ;

where w(x) is the resource selection probability function, X

is a matrix of habitat covariates (including a column of one’s

representing the intercept term) and b is the vector of maxi-

mum likelihood estimates of the model coefficients. To assess

overall predictive power, we compared the model fit of the

pooled model against a behaviourally averaged model,

bðxÞ ¼ PM
i¼1 piwðxiÞ, for each individual where pi is the pro-

portion of locations in the ith behavioural state and w(xi) is

the resource selection model for that state. We quantified

model fit of both the pooled and averaged model using the

Spearman rank correlation coefficient as described above.

Finally, to test whether selection for habitat covariates dif-

fered significantly between the encamped and exploratory

states, we contrasted exploratory (0) and encamped (1) data

for each individual using latent selection difference (LSD)

functions (Czetwertynski, 2007; Latham et al., 2011). Because

availability remains constant across behavioural states for

each individual, this model provides direct comparisons of

selection with significance and strength measures (Czetwer-

tynski, 2007). For each individual, the same model structure

was used as in the top-ranked model from the use versus

available analysis; however, if model structure between the

encamped and exploratory state differed, we used the more

complete model. To reduce the probability of a Type I error

resulting from serially correlated telemetry data, we used

Newey–West variance inflation when estimating standard

errors (Newey & West, 1987; Nielsen et al., 2002). Using

autocorrelation functions (ACF), we found evidence of tem-

poral autocorrelation in the step lengths of individuals every

12 hours in the pooled elephant data. This pattern was cor-

roborated with the classified behavioural data, as the mean

time an individual spent in the same state ranged from 3 to

12 hours among individual. To be conservative, we used a

lag of 12 for all individuals and models. All analysis was

conducted in R (R Development Core Team, 2011) using the

‘ResourceSelection’ library (Lele et al., 2011).

RESULTS

The switch model, in which the probability of switching

between states was explicitly estimated, was the top-ranked

movement model for most (9 of 11) individuals (see Table

S2-3). However, for males EM0190 and EM0198 the double

model, which indicated that switching probabilities among

states could be reasonably approximated as constants, was the

top-ranked model. Although the switch model was the highest-

ranked model using WAIC for animal EM0195, it was charac-

terized by long periods (> 18 days) of no state switching. This

was not consistent with our knowledge of elephant behaviour

and was not supported by the double model, so for this animal,

we used the double model. In all cases, the behavioural state

models far out-ranked the reference model (the single behavio-

ural state model). Locations classified as exploratory had

longer step lengths and greater directional persistence than

points classified as encamped, which were generally clumped

with shorter step lengths and larger turn angles (Fig. 2).

The model structure of the pooled and behaviour-specific

habitat selection models sometimes differed. While 7 of 11

individuals had top-ranked model structure that did not

vary among behavioural states (pooled, encamped, explor-

atory), for four elephants, the encamped or exploratory

model structure differed from that of the other two models

(Table 2). When model structure varied between behaviour-

al states, the pooled model structure did not consistently

resemble one movement state preferentially. Instead, the

pooled model structure was generally the same as the

behavioural state with the most complex structure (i.e. with

the most covariates).

The top-ranked habitat selection models provided good

fit to the data using k-fold cross-validation tested with the

Spearman rank correlation coefficient (rs ≥ 0.68, P < 0.05)

for all elephants (Table 2). For EM0192, the pooled model

fit was relatively low (rs = 0.68, P < 0.05), but the

encamped (rs = 0.84, P < 0.01) and exploratory (rs = 0.92,

P < 0.01) model fit was better. Averaging the behaviour-

specific models for EM0192 into a behaviourally averaged

model then provided moderately better fit (rs = 0.96,

P < 0.01) than the pooled model, which did not incorpo-

rate behaviour; however, fit of both models was signifi-

cantly positive. For all other elephants, the behaviour-

averaged model and the pooled model performed equally

well (see Fig. S1).

Coefficient values often differed markedly between the

state-specific and pooled models (Fig. 3, see Fig S2 for confi-

dence intervals). With respect to selection for slope, for

example, among all animals, we found that the encamped

and exploratory states were associated with a 15% increase

(� 36% SD) and a 35% decrease (� 51% SD) in the magni-

tude of the coefficient relative to the pooled selection model,

respectively, although the response of individuals varied (e.g.

Fig. 3). For EM0181, distance to human development was a

statistically significant predictor of habitat selection in the

encamped and pooled model, but this variable was not

included in the top-ranked model for the exploratory data-

sets. We also found that behaviour influenced whether the

95% confidence intervals of the coefficient crossed zero

(hereafter ‘significance’). For individual EF0199, for example,
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selection for water was significant in the encamped and

exploratory models, yet in the pooled model, selection for

water was not significant (see Table S4).

In addition to strength and significance, we also found the

form of the selection curve changed. For the two females

and two males displayed in Fig. 3, for example, there were

marked differences in selection between the exploratory,

encamped and pooled models with respect to distance to

water and proportion of tree cover. For EF0194, the relation-

ship was linear in the exploratory state, yet quadratic in the

pooled and encamped states for these two covariates. We

also expected to find differences with respect to the sign (e.g.

Figure 2 Elephant telemetry locations

classified into encamped and exploratory

behavioural states for one representative

individual elephant (EM0181). Turn

angle (circular plots in radians) and

movement rate (m/s) differed between

the two states, with the exploratory state

exhibiting faster, more directed

movement. Insets display the histogram

of observed values (grey) and fitted

distribution (black line).

Table 2 The top-ranked pooled and behavioural state-specific habitat selection model, model weight (w) and Spearman rank

correlation coefficient (rs) derived from the k-fold cross-validation, for each animal. Models were fit separately to each individual. See

Table 1 for a description of models

Elephant

Pooled Encamped Exploratory

Model w rs Model w rs Model w rs

EF0191 3 0.94 0.94 3 0.99 0.92 3 1.00 0.89

EF0194* 2 1.00 1.00 2 1.00 0.99 1 0.99 0.87

EF0196 5 1.00 0.99 5 1.00 0.99 5 1.00 1.00

EF0197* 2 1.00 0.99 1 0.97 0.99 2 1.00 0.98

EF0199* 1 0.90 0.76 2 0.67 0.92 1 1.00 0.75

EM0181 5 1.00 0.85 5 0.96 0.95 1 0.72 0.87

EM0187* 2 1.00 0.93 2 1.00 0.81 2 1.00 0.98

EM0190* 2 1.00 0.98 2 0.52 0.98 2 1.00 0.99

EM0192 3 1.00 0.68 3 1.00 0.84 3 0.92 0.92

EM0195* 2 1.00 0.92 2 1.00 0.94 2 1.00 0.93

EM0198 5 1.00 0.94 5 1.00 0.95 5 1.00 0.99

*Correlations occurred between water and humans, so only models 1–2 were considered for model selection.
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positive or negative) of the selection coefficient; however, for

the elephants examined here, we found very few sign

changes. All of the differences we did observe were associated

with quadratic covariates, resulting in changes to the form of

the quadratic function. While selection for steeper slopes was

consistent across the four animals in the example, the

strength (i.e. slope) of the selection coefficients varied.

The differences in habitat selection coefficients identified

between the encamped and exploratory states were significant

in many cases (Table 3). For most individuals (9 of 11), we

found significant differences in selection for at least one hab-

itat covariate between the encamped and exploratory

behavioural states. For six of these individuals, selection var-

ied significantly for two or more habitat covariates. These
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Figure 3 Probability of selection for distance to water, proportion of tree cover and slope as a function of behavioural state for four
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differences in the habitat selection coefficients resulted in

markedly different habitat use patterns (e.g. EF0197; Fig. 4).

Despite the differences in habitat selection observed here,

consistencies in habitat selection also often occurred among

the behaviour-specific models. For example, EF0191 and

EF0196 had no significant differences in selection between

the encamped and exploratory states for any habitat covari-

ate examined here.

DISCUSSION

Here we demonstrate that behaviour-specific habitat selection

provides greater insight into species–habitat relationships

compared with models that pool data among behaviours. In

particular, we found evidence of all three inferential pitfalls

in our case study. First, opposing selection for a habitat

covariate among behavioural states ‘cancelled out’ in a

pooled model, resulting in the conclusion that selection was

either weak or non-existent with respect to this covariate.

With female EF0199, for example, selection for water was

significant in both behaviour-specific models, yet was not

significant in the top-ranked pooled model. Second, the

strength of selection was substantially underestimated for

some habitat covariates when pooling data from different

behavioural states. Selection by elephants for slope was on

average 15% greater in the encamped model and 35% smal-

ler in the exploratory model compared with the pooled

model. Finally, the form of the selection curve (how relative

probability of use changes as a function of a habitat covari-

ate) was sensitive to behavioural state. For five animals, the

shape of the response changed from a straight line to a qua-

dratic function (Fig. 3). Thus, if habitat selection is multi-

modal, driven by behaviour-specific habitat associations and

movement characteristics, then the mean selection pooled

among all behaviours may provide poor insight into selec-

tion. Furthermore, incorrect assessment of the importance of

habitat covariates, or the strength or form of selection, is

problematic for the extrapolation of selection models to esti-

mate selection in other areas or at other times. Although

only observed for a subset of individuals and covariates, this

work highlights the existence and importance of these

inferential pitfalls.

An important implication of our work is that if habitat

selection is behaviour-specific, then we must understand

both how selection varies among behavioural states and

the factors determining the proportion of time spent in

different behavioural states. Implicit in the use of pooled

selection models for predictive purposes, for instance, is

the assumption that the ratio of behaviours from which

the overall selection patterns arise will not change. Here,

elephants spent an approximately equal proportion of time

in the encamped and exploratory behavioural states (47.9%

and 52.1%, respectively, SD 18.8%). This likely contributed

to the similar model fit of the pooled and behaviourally

averaged habitat selection models (see Fig. S1). However,

no studies have examined how elephant behaviour changes

as a function of resource availability. The proportions of

time spent in different behaviours may vary temporally as

climatic conditions alter the availability of water, vegeta-

tion and shade cover. High behavioural plasticity would

further reduce the robustness of habitat selection models

to other locations and times. While only two behaviours

Table 3 The difference in selection between the exploratory (0) and encamped (1) behavioural states as quantified by latent selection

difference functions for each elephant using Newey–West variance inflation. All but two individuals had significant (*) differences in
selection for at least one habitat covariate

EF0191 EF0194 EF0196 EF0197 EF0199

Water† 16.03 5.70 �2.19 �25.06* �7.37*

(Water)2†† �30.56 �3.67* 0.89 13.23*

Tree 7.19 17.79* 3.62 �8.62* 1.88*

(Tree)2 �29.17 �53.68* 0.44 23.67*

Slope �0.12 0.03 0.18 0.10

Human 0.35 0.07

(Human)2† �0.46 �0.19

EM0181 EM0187 EM0190 EM0192 EM0195 EM0198

Water† 7.05 �28.59* 0.38 0.96 22.16* 69.57*

(Water)2†† 2.20 10.17* 0.03 0.03 �3.18* �50.70*

Tree 13.99* �1.52 �0.36 13.86 5.52 6.31

(Tree)2 �62.3*2 1.41 �7.13 �30.89 �38.38* �8.75

Slope 0.10 �0.16 0.42 0.08 0.35*

Human �0.13 0.46* 1.58*

(Human)2† 0.87 �0.46* �1.53*

†Coefficients multiplied by 100.
††Coefficients multiplied by 1000.
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were assessed here, additional subdivision of elephant

behaviour may further elicit insightful elephant-habitat

associations.

Another important implication of this work is that quanti-

fying behaviour-specific selection reduces the risk of failing to

identify important habitat selection patterns. Although model

structure did not vary between behaviours for most elephants

examined here, the significance and strength of selection coef-

ficients did, and in one instance, a significant covariate in the

encamped and exploratory models was not significant in the

top model for the pooled dataset (i.e. EF0199 and selection for

water). Pooling location data may obscure selection for habi-

tats that occur uncommonly or briefly, but still have impor-

tant effects on survival or fitness. In the African savanna, for

example, accessing watering holes is essential for many species,

but watering holes are also dangerous places because predators

often concentrate around them (de Boer et al., 2010). Thus,

under conditions where the animal is not experiencing water

or thermal stress, animals may spend much of their time away

from watering holes and visit them only briefly, despite their

importance for survival.

Incorporating behaviour into habitat selection estimates

provides a more mechanistic perspective on species–habitat

relationships and offers opportunities for the development

conservation and management initiatives. If some behaviours

contribute more to the fitness of individuals than others, the

habitat associated with these particular behaviours may pro-

vide opportunities for improving management or conserva-

tion efficiency and effectiveness. Corridors, for example, are

often designed using the habitat preferences of one or more

species (Chetkiewicz et al., 2006). Designing corridors based

on habitat selection (i.e. Roever et al., 2013b) during the

exploratory behavioural state, for example, may better facili-

tate corridor use and animal movement in heterogeneous

landscapes. Incorporating behaviour into habitat selection

studies allows us to identify those behaviours most impor-

tant for fitness or conservation and tailor management

action towards the facilitation of those goals. Conversely,

some habitat characteristics may be important for animal

selection irrespective of behaviour, and these similarities in

selection also add to our understanding of the biology of

species.

The disconnect between studies of animal behaviour and

habitat selection often results as a consequence of those two

disciplines operating at different spatio-temporal scales (Lima

& Zollner, 1996). Animal behaviour studies generally exam-

ine fine-scale selection of microhabitats or food items,

whereas habitat selection studies typically assess species–habi-

tat relationships at broader scales. The challenge has been

how to integrate these two (Lima & Zollner, 1996). Distin-

guishing behaviour-specific selection can provide new

insights into species–habitat relationships. In our case study,

the strength of selection for one of the female elephants

(EF0197) was strongest in the encamped state, and the spa-

tial distribution of selected habitats was patchy (Fig. 4c)

compared with the more uniform distribution of selected

habitat for the exploratory state (Fig. 4d). Averaging these

two behaviour-specific models then resulted in a noticeably

different resource selection function (Fig. 4b) than that of

the pooled model (Fig. 4a), although both provided good fit

to the data.

Ultimately, models that combine both movement model-

ling and habitat selection in a single framework are likely to

offer the greatest inferential power because these two pro-

cesses are not independent (Beyer et al., 2010; Fieberg et al.,

2010). For instance, habitat effects can be incorporated into

state-space movement models (Morales et al., 2004; Jonsen

et al., 2005; Forester et al., 2007; Eckert et al., 2008) and into

diffusion models (Moorcroft et al., 2006; Johnson et al.,

2008). These methods are, however, often computationally

intensive or analytically intractable and impractical to apply

to large telemetry datasets. In lieu of these more comprehen-

sive approaches, we used state-space models to estimate

behavioural states based only on the characteristics of the

(a) (b)

(c) (d)

Figure 4 Spatial predictions of probability of selection for one

elephant (EF0197) based on the pooled (a), behaviourally

averaged (b), encamped (c) and exploratory (d) habitat selection

models. The black line is the seasonal range boundary based on

the 95% isopleths of the kernel density estimate.
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movement paths (but not habitat covariates), and we subse-

quently quantified habitat selection using generalized linear

models for each animal. Although not an ideal solution, it

does demonstrate the premise of this work that resource

selection is behaviour specific.

Using more mechanistic models of species–habitat rela-

tionships at the level of the individual may also improve our

ability to predict distribution at the population level,

although scaling up from individuals to populations is not

straightforward. Selection varies as a function of the samples

of use and availability, making it difficult to directly compare

selection quantified over different availabilities (Beyer et al.,

2010). Although one common approach to making popula-

tion-level inferences is to estimate population-averaged selec-

tion (e.g. the marginal inferences from a generalized linear

mixed model where individual is treated as a random effect),

it might be better to quantify selection in terms of functional

responses (Mysterud & Ims, 1998), whereby selection is

modelled as a function of the availabilities of all habitats

(Mathiopoulos et al., 2011). By explicitly quantifying how

selection changes as availability changes, predictions from

functional response models are likely to be more robust

when applied to new regions (where animals were not sam-

pled). Using a functional response model to make spatial

predictions of population distribution requires an under-

standing of how social interactions affect availability (i.e.

determining an appropriate scale over which to assess avail-

ability to apply the functional response model), which is an

area of active research.

In conservation, the aim of habitat selection studies is

often to predict changes in habitat use based on some future

scenario, alternative management strategy, or predict species

distribution in a new region. Yet if we fail to understand the

processes driving selection, our projections and any subse-

quent inferences could be weak or incorrect. By incorporat-

ing behavioural processes into habitat selection, we might

move a step beyond describing patterns to better under-

standing the behavioural mechanisms that drive selection

processes (Beyer et al., 2010). As habitat selection studies are

applied increasingly to conservation issues such as reserve

and corridor design (e.g. Cabeza et al., 2004; Chetkiewicz &

Boyce, 2009; Roever et al., 2013b), it is imperative that esti-

mates are robust and that habitat is appropriately character-

ized in ways that are most relevant to the survival and,

ultimately, fitness of wildlife species.
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